Abstract
Introduction
Networks matter for economic and social outcomes, since they allow for complex social interactions to take place between individuals, thereby facilitating information spillovers and learning between network members, as well as the transmission of norms and values (Banerjee, 1992; Bikhchandani, Hirshleifer and Welch, 1992) . While information spillovers have been widely examined by economists, as affecting fertility decisions, education decisions (Coleman et al, 1966) , participation in criminal activities, (Besley and Coate, 1992; Borjas, 1992 , 1994 , 1995 , Case and Katz, 1991 , and consumption (Abel, 1990) , in this paper we focus primarily on information externalities generated through network membership as they pertain to employment prospects.
Within the context of very high levels of unemployment and worker discouragement in South Africa (see Table 1 ) combined with relatively low absorption of the unemployed into the informal sector, understanding the effect of networks on employment prospects is arguably critical, especially since job search methods in South Africa are predominantly passive, with most jobs being obtained through word-of-mouth and other informal recruitment methods (Kingdon and Knight, 2001) . Using the Special Retrospective Survey of Employment and Unemployment (SRS) dataset, Statistics South Africa (StatsSA) (1998a) reports that just under 20% of individuals cite high costs as the reason they do not engage in active job search. This decision not to search owing to high costs may be exacerbated for individuals living in areas characterised by high levels of worker discouragement -individuals may believe that there is little chance of finding work even if they spend the necessary money to reach the job market, and so, may rationally decide to not actively search as the opportunity cost of the transport is too high. At the same time, large numbers of firms rely on informal recruitment methods. Standing et al (1996) use firm level data to show that 41.4% of all firms studied relied on friends and relatives of their existing employees to recruit new workers. This reliance on informal methods may be attributable to the poor signaling content of the school-leaving exam qualification, given the continuing discrepancies in educational quality, as well as to the high costs associated with formal recruitment procedures, especially for relatively low skilled jobs. 1 The extent to which networks serve as efficient conduits of information concerning job opportunities depends on the strength of ties amongst individuals in the network - Granovetter (1974 Granovetter ( :1995 argues that strong ties link close friends while weak ties link acquaintances, and that weak ties are relatively important in helping individuals find access to employment, since these weak ties bring information about opportunities available outside the individuals immediate circle and locale. 2 For example, the empirical evidence to date suggests that network effects are particularly important in poorer communities (Elliot, 1999) and that reliance on networks varies demographically, with, for example, women being less reliant on networks than men. (Ports, 1993; Bradshaw, 1973 Yet, until relatively recently, the South African literature on job search and employment has focused on individual job search and work choices in isolation, ignoring the potential influence that social networks, constituted by families, peers and acquaintances, might have on these individual decisions. Networks facilitate the exchange of job related information (Ioannides and Loury, 2004) , be it about actual job openings or about the paucity of such opportunities. Access to information about job opportunities as well as one's perceptions about the buoyancy of the labour market thus depend critically on social structures and the social networks to which individuals belong. The work that has been done examining the impact of social networks on employment status in South Africa has defined the network as the number of other household members who are employed. (see Wittenberg and Pearce, 2000; Mlatsheni and Rospabe, 1999; Schoer, 2005) . Wittenberg and Pearce (1996) find that in South Africa, these networks positively influence access to jobs, while Mlatsheni and Rospabe (1999) find that they significantly increase the probability of youth being in wage employment. Wittenberg's (1999) non-parametric analysis is also suggestive of a household network effect as it indicates clustering of employed and unemployed individuals 3 . However, these studies all suffer from omitted variable bias and the estimates should thus be interpreted with this in mind.
Recognising that most studies of network effects suffer from omitted variable bias, Bertrand et al (2003) devised an estimation strategy to try to minimse these biases in their work examining the impact of social networks on the take up of welfare grants in the USA. They use language groups to proxy for social networks, arguing that information flows more easily between those who speak the same language, and include language fixed effects as well as geographic area fixed effects to minimise problems arising from omitted variable bias. They find that networks may increase the responsiveness of welfare use to policy shocks by an additional 15 to 27%. Our empirical work draws directly on their approach, but we differ in that we use age-language cohorts to define the social network, and we focus on the impact of social networks on labour market status. Our network estimates, while small are not insubstantial, and suggest that social networks alone may enhance employment probabilities by an additional 3 to 9%.
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Minimising bias: Adopting the approach of Bertrand et al (2003) In order to minimise the problems of omitted variable bias that plague studies of social networks, we explicitly implement the econometric approach of Bertrand et al (2003) and include geographic, age and language group variation in measuring social networks. Assume that the true model governing the probability that an individual is employed is given by:
where i indexes individuals, j indexes areas, and k indexes language group. EMPL is a dummy variable that takes a value of one if the individual is employed, and zero otherwise. Netw measures the effect of information and social pressure from individuals in one's social network on one's employment status, X are observed and unobserved personal characteristics, Y are observed and unobserved area characteristics, and Z are observed and unobserved language group characteristics.
The difficulty in estimating this model arises from the fact that data on actual contacts and the extent of one's social network are rarely collected. In the absence of this data, mean neighbourhood characteristics are often used to proxy for social networks, making the implicit assumption that contacts are randomly distributed within the neighbourhood. There is now a substantial body of literature to suggest strong correlations between mean neighbourhood outcomes and individual outcomes (see Jencks and Meyer, 1990 for a good review of this work). However, inferring any causal mechanism from these estimates is not possible since they suffer the "reflection problem" (Manski, 1993) . More specifically, omitted personal characteristics may be correlated with mean group behaviour (for example, individuals living in areas with a high incidence of unemployed workers may themselves be less ambitious), or alternatively, omitted neighbourhood characteristics may be correlated with the mean incidence of unemployed workers in the area (for example, deep rural areas may have fewer job opportunities, thus making it less likely that individuals are able to find jobs, or engage in active job search). Finally, even if data on actual contacts were available, the problem remains that individuals select their contacts or friends. Since individuals with many contacts may be qualitatively different from individuals with only a few contacts, any estimates obtained in this manner may also suffer from omitted variable bias.
We use age-language cohorts within magisterial districts 4 to proxy for social networks. In other words, all individuals between the age of 15-24 who speak Zulu and reside in magisterial district X are considered part of the same social network. This network would be distinct from that for individuals aged 15-24 who speak English but who also reside in the same magisterial district X
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. This allows us to include fixed effects, thereby dealing with 4 A lower level of disaggregation was restricted by the availability of data at this lower level which is not publicly released. In the sample there are 354 magisterial districts. The magisterial districts vary considerably in size ranging from 85 to 35,334 individuals. For language groupings, we use the eleven official languages in South Africa, and we define our age brackets as follows: Bracket 1 (15-24 years); Bracket 2 (25-34 years); Bracket 3 (35-44 years); Bracket 4 (45-54); Bracket 5 (55-65 years). 5 Loury (2002) and Montgomery (1991) both make the case that the social ties that may matter most may be to individuals who are slightly older than the potential employee. To the extent that this is true, and to the extent that the relevant social ties exist across the age brackets as we have defined them, our network co-efficients will be an under-estimate. potential omitted variable bias at the neighbourhood level as well as at the age and ethnic (or language) group level. Importantly, this social network proxy should be interpreted as a measure of potential contacts rather than actual contacts, since we still do not have explicit information about peer networks.
While there are arguably many ways one could define a social network (along religious lines, for example), we adopt the age-language cohort measure since we think it plausible that speaking a common language is important in accessing information about job opportunities, and that individuals are more likely to spend time with, and thus acquire information from, individuals who are roughly in the same age grouping as themselves and live in the same locality.
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International evidence certainly suggests that individuals are more likely to associate with others in similar social and occupational categories, with the result that social networks tend to sort along dimensions such as race, ethnicity, age and religion. (Nan Lin 2001; Waldinger, 1996) . Bakalian (1993) shows that friendship groups tend to be loosely aligned along ethno-linguistic lines, while Alba (1990) argues that the use of one's mother tongue is an important determinant of ethnic identity. These ethno-linguistic group niches hold important implications for the value of job contacts and connections for members of certain groups entering the labour market for the first time or who are changing jobs. While such networks may facilitate access into employment, they may facilitate access to very specific sectors of the labour market, thereby restricting social mobility to some degree 7 .
The network measure is defined as:
CA is the density of group k in area j, where area is defined by the magisterial district 8 and group k is defined by a common age-language group. This provides a measure of the "quantity" of potential contacts one has in one's area. k EMPL is the mean incidence of employed individuals from language group k in the country, 9 and provides a measure of the "quality" of one's network 6 Geographical proximity on its own is an insufficient proxy. Firstly, if one observes a correlation between outcomes for individuals who are spatially close, one needs to be able to disentangle whether this arises because these individuals have access to the same information sources (correlated effect); because they share some similar personal characteristics (contextual effect) or because they learn from one another's behaviour (endogenous social effect) (Manski, 2000) . Moreover, Conley and Udry (2002) utilise a detailed data set for Ghana that contains questions about actual farming contacts to demonstrate that simply relying on geographical proximity as a network indicator may produce significant network effects in a regression context when, in fact, they do not exist. When relying solely on geographic proximity as a measure of social networks, they find evidence of significant social learning in relation to the farming of maize-cassava. In stark contrast, however, when they use an index of contacts based on actual contact information collected from a comprehensive set of questions including "Who do you get advice on farming from?", there is no evidence of significant social learning in this context. 7 For example, Waldinger (1996) CA is the proportion of individuals in area j that belong to group k (where the group refers to a common age-language cohort) divided by the number of people in South Africa from that group i.e.
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where Cjk is number of people in area j who belong to group k; Aj is the number of people who live in area j; Lk is the total number of individuals who are in the same age-language group, and T is the total number of people in the country. We do this, and log this ratio, to ensure that smaller magisterial districts are not under weighted which would otherwise be the case. 9 Note that ideally one would prefer that k EMPL be the incidence of employed individuals from language group k who live in area j, excluding individual i. However, using this specification introduces possible omitted variable bias since it may reflect unobserved characteristics that the individual has in common with others from the same language group living in the same area. To minimise this problem, we follow the approach of Bertrand et al (2003) and use the mean incidence of employed individuals of the language group in the entire country. More Social networks, employment and worker discouragement 6 contacts insofar as it is a proxy for the employment levels of individuals from one's agelanguage group in one's area. Thus, the equation being estimated is: as control on its own as this is accounted for through the language group fixed effects. The interaction of these two terms provides a measure of the influence of social networks on individual behaviour. A positive α suggests evidence of networks effects in operation. Although our dependent variable is binary, we choose to estimate a linear probability model as opposed to a logit or probit, since the latter are computationally difficult in the presence of so many fixed effects 10 .
Adopting this method allows us to control, for many of the omitted variable biases present in this type of work. Including local area fixed effects deals with unobserved differences between areas such as variation in job availability, or differences in the extent to which employers rely on informal versus formal recruitment methods which may also be geographically correlated. Moreover, since neighbourhood effects are eliminated through the inclusion of these controls, it may be that our actual estimates underestimate the true extent of network effects.
Language group and age group fixed effects absorb omitted characteristics of language and age groups such as different levels of discrimination or job experience. Directly including jk CA in the regression deals with any omitted personal characteristics that are correlated with jk CA , for example, unobserved characteristics such as ambition or trustworthiness may increase an individual's employment probability, and may also reduce the probability that the individual lives among their own language group. This would result in a positive estimate on φ but would not affect the estimate on α .
Despite these controls, one potential source of omitted variable bias remains. Omitted personal characteristics that are correlated with the interaction term k jk EMPL CA * could bias results. Including jk CA in the regression controls for fixed differences between people who choose to live among their own age-language group and those who do not, but these specifically, this is measured as the mean deviation of the group's employment status relative to the mean employment status of the entire sample used in the analysis. 10 Note that in our empirical specifications, we also estimate a set of regressions focusing on the probability that an unemployed individual is discouraged as opposed to engaging in active job search. In other words,
where we limit the sample to unemployed individuals only, and where DU is a dummy variable that takes a value of one if the individual is a discouraged unemployed individual, and zero otherwise (i.e. unemployed searching). The network measure is given by
where k DU is the mean incidence of discouraged unemployed individuals from language group k in the country, and all other variables are the same as before. Thus, the equation being estimated is:
effects for local areas (in our case, magisterial districts or municipalities) and language groups. differences could themselves vary by age-language group. For example, living away from your age-language cohort may signal success if you are from a group that has a high incidence of discouraged unemployed individuals (and vice versa). This differential selfselection might produce a network effect when in fact, none exists. Given that we measure jk CA at the magisterial district level (i.e. a high level of aggregation already) we do not think this will be a significant source of bias in our results. In addition, we include controls for whether or not the individual has relocated in the intervening period between the 1996 and 2001 Census, as an attempt to control for the propensity of individuals to move away from their group.
Data and Sample Characteristics
The data used in the analysis is the 10 % sample of the 2001 Census survey conducted by Statistics South Africa. Since we are interested in the economically active population, we limit the sample to individuals aged 15-65 years and exclude all non-housing units 11 and non participants (with the exception of discouraged workers) in the labour force.
12 As expected, the unemployment figures differ depending on whether one adopts the broad or narrow definition. As Table 1 demonstrates, 48% of the sample is unemployed according to the broad definition of unemployment (i.e. including the discouraged unemployed) compared with 43% when the narrow definition is used. Notably, in our sample, almost a fifth of unemployed individuals had not actively searched for a job in the four weeks prior to the Census. A report released by Statistics South Africa based on the Special Retrospective Survey of Employment and Unemployment (SRS) found that 33 % of respondents stopped looking for work due to lost hope in finding employment, while another 25 % mentioned that it was due to no jobs in the area. (StatsSA, 1998a) . This accords with work by Kingdon and Knight (2001) who provide convincing evidence that the lack of job search by unemployed individuals is largely attributable to high search costs and low returns to search, as opposed to a decision to voluntarily remain unemployed. Moreover, they show that unemployed individuals who do not engage in active job search are discouraged, are significantly worse off in material terms than the searching unemployed, and that they are taken into account in local wage determinations as general labour force participants. This evidence suggests to us that for analytical purposes, adopting the broad definition of unemployment may be more appropriate, even though the narrow definition is used for official purposes in South Africa. Moreover, we are interested in exploring the impact of social networks on job search behaviour, particularly worker discouragement. Table 2 presents summary statistics for the sample by employment status, revealing some interesting differences between the employed and unemployed. Black individuals are underrepresented amongst the employed and over-represented amongst the unemployed relative to their share of the population. This is especially true for those speaking Zulu and Xhosa, and to a lesser extent, Sepedi. The converse holds true for all three of the other race groups. Unemployment and the incidence of discouraged workers is higher amongst women than men, and worker discouragement is particularly high for individuals living in rural areas. Over a fifth of employed individuals had relocated in the intervening period between the last 11 That is, all prisons, residential hostels, student residences, old age homes, and worker hostels are all excluded. 12 The reason that these distinct labour force states are excluded is that the analysis seeks to answer the question whether the decision to search (which can only be based on those unemployed -either broad or narrow) is a function of the experience of other individuals of ones own network.
Social networks, employment and worker discouragement 8 census and that conducted in 2001 compared with fewer than 15% of unemployed individuals. A striking difference between employed and unemployed individuals lies in their potential access to job information via other employed household family members. On average, an employed individual lives in household where over half of all other adult members have a job. This stands in stark contrast to the unemployed, where on average, only 10% of all other household adult members are employed.
Just over a third of unemployed individuals are married compared with over 60% of their employed counterparts. To some extent, this difference may reflect an age cohort difference. Consider that just under a third of all unemployed and discouraged workers are between the ages of 15 and 24. In fact, to put it more starkly, over 60% of unemployed workers are between the ages of 15 and 35, with unemployment figures declining for those in older age cohorts (Table 2 ). This accords with work by Wittenberg (1999) who reports that approximately half of the strictly unemployed at age 30 have been unemployed for 3 years or more. Clearly, it is difficult for new young labour market entrants to enter the market and find employment. Since the network measure used in this paper defines the network in terms of age-language cohorts, Tables 3 and 4 present unemployment figures by language grouping and age cohort. These statistics tell much the same story. Over half of all individuals who speak an indigenous African language are unemployed, with unemployment and the incidence of discouraged workers being particularly high amongst those who speak Xhosa, Zulu, Sepedi and Tshivenda (Table 3) . Moreover, this unemployment is largely concentrated amongst the younger cohorts in these groups. For example, over 80% of all individuals between the ages of 15-24 who speak Xhosa, Zulu or Sepedi are unemployed, while almost 60% of individuals in the 25-34 year age cohort in these language groups find themselves unemployed (Table  4) . Interestingly, despite these higher rates of youth unemployment, the incidence of discouraged workers is not necessarily higher amongst younger cohorts within language groupings (Tables 3 and 4) . 
Regression Results
In Table 5 , we present the network coefficient estimates from our baseline regressions, demonstrating the very large decline in the co-efficient estimates as the various fixed effects are included in the regression specification. For the employment regressions, the network co-efficient declines from 0.5 when no additional controls are included to 0.03 once age, language and magisterial district fixed effects are included. However, the network coefficient remains highly significant. The decline is even more dramatic in the regressions estimating the probability that an unemployed worker is discouraged as opposed to actively seeking work, where the co-efficient declines to zero. Clearly, failure to adequately control for omitted variable bias through the inclusion of fixed effects would lead to substantial over-estimates of the network co-efficient. Since it is difficult to interpret the actual magnitude of the network coefficient given the way it is derived, it is possible to arrive at a measure of the magnitude of the network effect, by asking to what extent the network effect would magnify a policy shock affecting employment probabilities. To incorporate a role for employment policies directly, we continue with the approach adopted by Bertrand et al (2003) and add the variable ψ to the model such that:
ψ where ψ , which provides some measure of policies that affect employment, is scaled to ensure that a one percentage point increase in ψ results in a one percentage point increase in employment probabilities in the absence of any network effects. Owing to the accelerator effect generated by social networks on employment probabilities, in equilibrium, the increase in employment probabilities will be greater than the increase in ψ . By averaging both sides of the equation for each age-language cohort and differentiating with respect to ψ , this gives provides a measure of the responsiveness of each age-language cohort's employment prospects in response to a policy change. However, since this includes the direct effect of the policy change, we subtract one from this formula to arrive at the marginal change induced solely by social networks, that is: Table 6 presents the indirect network impact on employment probabilities by age-language cohort 13 . The network effects, while small, are not insubstantial. With respect to employment prospects, social networks alone may enhance employment probabilities by between 3 and 9%. Recall that these effects are in addition to any direct changes induced by employment policies. Table 7 presents regression estimates that include additional controls for the personal characteristics of the individual. Using the Census data, there is little we can do to directly test Granovetter's hypothesis of the strength of weak ties. However, in estimating employment probabilities, notice that once we include controls for the number of other household members who are employed, the network co-efficient is halved, falling from 0.04 to 0,02 (Table 7 , Columns 1 and 2). In stark contrast, including a control for the number of other household members who are employed has no impact on explaining worker discouragement (Table 7 , Columns 3 and 4), and its inclusion does not alter the network coefficient at all which is now negative and significant. 13 The indirect network effect is calculated using
where α is the relevant co-efficient from Row Table 8 presents the indirect network impact on employment probabilities and worker discouragement for specified groups. In order to ensure that our results are not being driven by the largest language groups dominating the results, we re-run the specification excluding Xhosa and Zulu speakers (since these are the largest language groups in the sample). Excluding these groups does not affect the magnitude of the network coefficient, and the results suggest that social networks improve employment prospects by an additional 4%, and reduce discouragement amongst the unemployed by 1%. Networks appear to play a positive and significant role in the employment probability of Black South Africans, increasing employment prospects by an additional 1%, while the converse holds true for White South Africans, whose employment prospects fall. Moreover, as the number of individuals in one's age-language-locale cohort who are employed increases, this decreases the incidence of discouragement amongst black unemployed individuals but has no impact on white discouragement rates (perhaps because so few discouraged workers are White to begin with).
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The network co-efficient on employment status for women is double that for men, with the indirect effect suggesting that social networks increase employment prospects for women by three times that for men. Moreover, while social networks have a significant effect on reducing worker discouragement amongst unemployed women, the same does not hold true for unemployed men. Similarly, the network coefficient for those living in rural areas is almost double that of those living in urban areas, increasing employment prospects for those in rural areas by 9%. Yet, as employment in one's age-language cohort increases, this reduces the probability of discouragement by the same magnitude for men and women, and has no significant effect on reducing discouragement differentially amongst the unemployed in both rural and urban areas.
Networks are especially important for employment for individuals with a disability, and while they may reduce discouragement amongst unemployed disabled individuals, this effect is not significant. For those without disabilities, networks are important both in terms of employment status and in reducing discouragement amongst the unemployed.
Interestingly, networks appear to have a positive impact on employment probabilities for those who have not relocated but no effect for those who have relocated. However, for those who have relocated and are unemployed, discouragement is significantly reduced if employment rates are high amongst their age language cohort. Finally, the network effect on employment probabilities is the same for individuals irrespective of whether they have access to a telephone or not, but worker discouragement is significantly reduced for those unemployed who have access to a telephone. This suggests that social networks do operate to transmit information about job opportunities, and this significantly affects search behaviour of the unemployed.
Discussion
In this paper, we have presented estimates of the magnitude of social networks on employment probabilities and worker discouragement, controlling for as many sources of omitted variable bias as possible. Our results illustrate the importance of properly controlling for omitted variable bias in this type of work, since failure to do so clearly results in an overstatement of the magnitude of the network effects. Even after controlling for various fixed effects, our network co-efficients remain significant, although they have a substantially smaller impact on reducing the incidence of worker discouragement amongst the unemployed than they do on affecting employment probabilities. Indeed, our results suggest to us that many dimensions of worker discouragement remain unexplained through the usual socio-economic analysis, and may point to the need for a more psychologically grounded behavioural analysis in order to explain this phenomenon more fully.
Secondly, while it is clear that informational externalities provided through other employed adult household members are important for enhanced job prospects, information and job opportunities acquired through this means accounts for only half of the measured social network effect, suggesting an equally important role for "weaker ties" within the social network. However, at the same time, our results also suggest that informational externalities provided through other employed adult household members do not affect the incidence of discouragement among unemployed individuals. This is a phenomenon worthy of further investigation.
Our results confirm that the importance of social networks in terms of employment probabilities and in affecting worker discouragement varies demographically. For individuals residing in rural areas, those with disabilities, and those who are black or female, social networks are particularly important in affecting employment probabilities. With respect to the unemployed, our results suggest that social networks do not affect the job search status of those who have a disability or those who lack access to a telephone. The absence of a significant network effect for specific groups of individuals in our results may reflect lower usage of networks by the specified group to find jobs or to gather information about jobs, but it could also reflect differences in the likelihood of the individual in the specific group being made a job offer for jobs that one hears of through by word of mouth. For example, the negative network effect for Whites may reflect that they are less likely to receive job offers via social networks as opposed to more formal recruitment methods, or it could also reflect greater competition amongst this minority group who historically have been more highly skilled than their non-white counterparts.
It is also the case that employer characteristics will determine to some extent the context in which different types of job search methods operate. In some cases, worker characteristics may be easily observable, while in other cases, recommendations from existing employees may be especially important or valuable. The strength of network effects will vary in these circumstances. In addition, job seekers may vary in terms of their contact availability and in terms of the quality of their networks. In other words, the impact of the social network on individual outcomes depends not only on the size and quality of the network, but also on whether the individual is able to access it effectively. For example, migrants may have greater difficulty accessing the social network since they are relative newcomers to the area, and it is perhaps unsurprising that social networks have no significant impact on the employment probabilities of those individuals who had relocated. However, social networks significantly reduce worker discouragement for those who did relocate. Since it is plausible that these individuals may have relocated to look for work, it is unsurprising that they are significantly more likely to be engaged in active job search. This suggests to us that individuals who move away from their own age-language cohorts may well be qualitatively different from those who stay behind, and again underscores the importance of trying to control for this source of bias in network studies.
In this paper, we do not identify the specific ways in which the effectiveness of social networks depend on differences in the characteristics of job seekers, in the characteristics of the contacts they use, or the relationship between job seekers and their contacts and features of the job environment. We simply document the existence of network effects for various groups, and thus, a large number of questions remain unanswered, and in the absence of more detailed survey information of job search and recruitment methods, may remain so. Providing convincing explanations for the difference in magnitude of network effects for different groups is an example of one such question. For example, is it that groups that rely more heavily on social networks to access employment opportunities or gather job information do so because they have skills which are difficult to observe with the result that employers rely more heavily on social networks in their hiring decisions, or is it that these groups face explicit labour market discrimination in formal hiring processes and thus, have to rely on networks to access employment. Or is it that some groups, for example women, gain more from their social networks than men because their contacts have better information about job opportunities and do a better job of passing this information on.
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Moreover, while our statistics describing the sample characteristics suggest that some agelanguage cohorts may find it more difficult to access opportunities in the labour market than others, an unanswered question is whether ethno-linguistic job niches exist in the South African labour market, in much the same way as documented by Waldinger (1991) for the USA. To the extent that such ethno-linguistic niches exist, this will reinforce the importance of social ties in job search and employment prospects, but may also serve to inhibit social mobility. Arguably, understanding these kinds of dynamics, which will hinge critically on collecting better data on social networks, will contribute substantially to a better understanding of the complexities inherent in the South African labour market. Wittenberg, M. (1999) : "Job search and household structure in an era of mass unemployment: A semiparametric analysis of the South African labour market" Unpublished mimeo, University of Witwatersrand.
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